Abstract This paper estimates agricultural total factor productivity (TFP) in 162 countries between 1991 and 2015 and aims to understand sources of cross-country variations in agricultural TFP levels and its growth rates. Two factors affecting agricultural TFP are analyzed in detail -imported intermediate inputs and climate. We first show that these two factors are independently important in explaining agricultural TFP -imported inputs raise agricultural TFP; and higher temperatures and rainfall shortages impede TFP growth, particularly in low-income countries (LICs). We also provide a new evidence that, within LICs, those with a higher import component of intermediate inputs seem to be more shielded from the negative impacts of weather shocks.
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I. INTRODUCTION
Agricultural productivity, as measured by total factor productivity (TFP), remains far below in low-income countries (LICs) compared to the levels registered in more advanced economies. Productivity in the agricultural sector is significantly lower than in the non-agricultural sector, and this difference is greater in LICs than in developed economies (Adamopoulos and Restuccia, 2018) . It is thus not surprising that accelerations in agricultural TFP growth have often preceded episodes of aggregate economic growth (McArthur and McCord, 2017) .
The goal of this paper is to understand the sources of cross-country variations in agricultural TFP and its growth rates by focusing on two key factors -imported intermediate inputs and weather shocks. These two variables are critical in explaining agricultural productivity. Trade in intermediate inputs covers 64 percent of world trade in 2014 according to the World InputOutput Table (Timmer et al., 2015 and Timmer et al., 2016) and a number of studies document economic benefits from expanding global value chains. 2 Guided by these, we aim to understand its implications in agricultural sectors. Moreover, climate change-related weather variations are an important ongoing issue (e.g., IMF, 2017) and agricultural productivity may suffer increasingly from a climate change-related deterioration in weather conditions. Therefore, it is important to understand their effects on agricultural productivity.
Using data from 162 countries during the period 1991-2015, we show that the two factors are independently important for countries' agricultural sectors. Imported intermediate inputs boost productivity because they tend to be higher quality while being less expensive than domestic equivalents. Furthermore, we show that weather shocks play a role because higher temperatures and rainfall shortages reduce agricultural TFP in LICs.
These findings are new to the literature because we focus on their effects on agricultural TFP and none of the previous studies has investigated the impacts of these variables on agricultural TFP using a panel dataset with a large cross-section of countries. However, our results may not be surprising because previous work finds comparable estimates in different contexts.
One of the most interesting results comes from interactions between the two key factors we focus. Within LICs where we find significant effects of weather shocks, stronger weather effects come from countries employing less imported inputs. Higher temperatures and rainfall shortages do not seem to have significant effects on countries employing greater imported inputs. These results imply that using imported intermediate inputs reduces negative effects of weather shocks.
There are three main reasons to believe imported inputs have such effects. First, imported inputs tend to be higher quality and embed better technologies. As a result, these work to reduce producers' sensitively to weather shocks. Second, a greater share of imported inputs to total intermediate inputs makes the overall quality of inputs less sensitive to local weather shocks, because local climate has no effects on the quality of imported inputs. 3 Third, local final good producers are intermediate good suppliers because there are sectoral linkages. Local final good producers' productivity gains through imported inputs have positive effects on domestic intermediate goods. This contributes to make domestic input quality less climate sensitive, which in turn leads to more climate-robust agricultural sectors. This paper contributes to two different strands of literature. First, it is related with the literature on productivity gains from imported intermediate inputs. It finds that imported inputs increase firms' productivity in manufacturing industries because those inputs tend to be higher quality and less expensive (e.g., Amiti and Konings, 2007; Topalova and Khandelwal, 2011) . 4 To the best of our knowledge, all prior studies focuse on manufacturing industries, with a few exceptions, such as Chevassus-Lozza et al. (2013) focusing on the French food agriculture industry, and Olper et al. (2017) analyzing the data from the French and Italian food processing industry. 5 The current paper is the first to shed light on agricultural industry in general in the context of gains from imported inputs. 6 Second, this paper contributes to the literature on the impacts of weather shocks on agricultural sectors. The previous work on this issue focuses on certain areas of the world (e.g., Deschenes and Greenstone, 2007 , for the U.S., Aschenfelter and Storchmann, 2006, for Germany, and Wang et al., 2009, for China) and they are silent about cross-country differences in the effect of weather shocks. In contrast, by employing a large panel dataset we find that countries' income levels play a role in explaining countries' sensitivities to weather shocks. In particular, we find that only LICs are negatively impacted by higher temperatures and rainfall shortages. In this regard, this paper is attuned to recent studies finding significant effects of weather shocks in lower income countries (e.g., Dell et al., 2012 , for GDP growth rate; and Cattaneo and Peri, 2016, for emigration from countries).
Our contribution is three-fold. First, our results imply that an increase in imported intermediate inputs, instrumented by tariff cuts and inward FDI, has a positive effect on agricultural TFP. A one percentage point increase in the share of imported inputs to total value of intermediate goods raises TFP by 3-4 percent. This result is robust to wide range of specifications and samples. This study is the first to show the positive effect of imported inputs on agricultural TFP using a large panel dataset.
Second, by exploiting plausibly exogenous year-to-year fluctuations in temperatures and rainfalls, we find that for LICs, higher temperatures have a negative impact on TFP and greater rainfalls have a positive one. This is consistent with prior articles arguing that agricultural production in developing countries are more sensitively affected by weather shocks because these countries tend to have lower capital-to-labor ratios and their technologies are more climate sensitive (Mendelsohn et al., 2001 . We are the first to show this using a panel dataset on agricultural TFP, which makes it possible to overcome bias coming from time-invariant omitted variables as in recent studies such as Dell et al. (2012) and Cattaneo and Peri (2016) .
Third, we go beyond the existing literature by finding interactions between imported inputs and climate effects in explaining agricultural TFP. While previous studies have found that incomelevels explain countries' sensitivity to climate, we are the first to document that prevalence of imported inputs reduces countries' vulnerability to weather shocks.
The rest of the paper is organized as follows. The next section conducts a growth accounting exercise and estimates agricultural TFP. Section III presents summary of data and discusses our motivations. Section VI empirical assesses the effect of imported inputs and weather shocks on agricultural TFP. It also considers interactions between these two variables in explaining the impact of weather shocks. Section V conducts counterfactual exercises to understand economic magnitudes of the estimated impacts. Section VI concludes.
II. AGRICULTURAL TFP
A. The Method Estimating Agricultural TFP
We start from estimating agricultural TFP. Agricultural value-added is decomposed into TFP and of three inputs: capital stock, labor force, and land area in the agricultural industry. We first discuss the methodology, followed by a description of data sources, and then results are presented.
As in Herrendorf et al. (2015) and many others, 7 country i's agricultural production function in year t is described by a Cobb-Douglas production function subject to constant returns to scale (CRS):
7 Herrendorf et al. (2015) examine structural transformation in the postwar United States by estimating CobbDouglas production functions for the agriculture industry. Other studies assuming a Cobb-Douglas production includes Macours and Swinnen (2000) , Gollin and Rogerson (2014) , and Craig et al. (1997) . 8 Previous articles employ various factors as inputs in addition to capital stock, employment, and land area. For example, Coelli and Rao (2005) include fertilizers and livestock as inputs in the agricultural production function. However, we do not include these as inputs because the data on fertilizers and livestock are not available for many countries, and we would need to drop many countries from the sample if we were to include these. In Section IV, we include fertilizers as a determinant of TFP following Craig et al. (1997) .
where , , , and are value-added, TFP, capital stock, employment, and land area in the agricultural industry, respectively. , and are the income shares of capital stock, labor, and land, respectively. Note that these income shares have country and year subscripts, meaning that these are different across countries and across time.
Data on agricultural value-added, agricultural capital stock, and agricultural land area are taken from FAO (2018) and data on agricultural employment come from the World Bank (2018a). We take the income share and the labor share data from the EORA database (Lenzen et al., 2012 (Lenzen et al., , 2013 . It provides the data on payments to capital (consumption of fixed capital), payments to labor (compensation of labor), and value-added. 9 We compute the capital share as = This decomposition exercise is conducted for each of the countries available.
Our sample includes 162 countries in the world. However, not all countries have complete data from 1991 to 2015. The growth accounting exercise focuses on countries where complete data from 1991 to 2015 are available. As a result, the sample size is restricted to 135 countries -25 LICs, 35 lower-middle-income countries, 34 upper-middle-income countries, and 41 highincome countries.
We also provide alternative TFP estimate based on factor shares obtained by estimating a loglinearized Cobb-Douglas production function, which we call TFPb. The productivity measure TFPb is based on a strong assumption that all countries have the same factor shares. However, this measure of TFP covers a slightly greater number of countries -27 LICs, 37 lower-middle income countries, 38 upper-middle income countries, 42 high-income countries, totaling 144 countries. TFPb estimates are used for robustness checks of regression analyses.
11
9 Consumption of fixed capital includes all tangible and intangible assets owned by producers and excludes nonproduced assets such as land, mineral, coal, oil, or natural gas. Therefore, we employ this measure to find the capital share. 10 See Appendix B for more details on data. See Appendix D.1 for calculated factor shares.
11 See Appendix D.2 for more details on the productivity measure TFPb. Agricultural value-added growth rate in LICs, 3.32 percent, is higher than that from richer countries. However, relatively higher input growth rate led to a small contribution of TFP. Highincome countries have a lower value-added growth rate than other groups of countries, 1.08 percent. However, the TFP growth rate is estimated to be fairly high due to the fact that there is a decrease in inputs such as labor (-1.22%) and land (-0.02%). 12 Out of the 27 countries, Mali, Chad, and Liberia have the highest value-added growth rates: annual average growth rates of 7.7 percent, 6.8 percent, and 6.2 percent, respectively. TFP contributes the most in Mali and Chad: 3.5 percent and 3.6 percent, respectively. On the other hand, the growth in the capital stock explains the largest part of the agricultural value-added growth in Liberia, 3.5 percent. Among the LICs, Central African Republic, Burundi, and Haiti have the smallest valueadded growth rate over the period: 0 percent, -0.14 percent, and -0.27 percent, respectively. All of these three countries have non-positive TFP growth rates and negative capital stock growth rates. 12 We follow the World Bank's classification for income-level of countries. See Appendix C for results from individual countries from other groups of countries. We are also interested in agricultural productivity levels and their gaps across countries. Figure 2 shows the average agricultural TFP for the four groups of countries. Panel A presents average TFP levels and shows that TFP levels have been increasing in all groups of countries over the period 1991-2015. Panel B displays the TFP levels normalized so as to make the TFP levels from 1991 to be one. It shows that among these four groups of countries, TFP levels increased almost at the same rate for all of the four groups of counties. We seek to disentangle the sources of this productivity gap. 
B. Results from Growth Accounting
TFP
III. STYLIZED FACTS ON IMPORTED INPUTS, AND WEATHER SHOCKS
We focus on two variables, imported inputs and weather shocks, to explain cross-country variations in agricultural TFP. This section presents empirical observations on these variables by showing their time-series variations by country income group. 
IV. REGRESSION ANALYSIS
A. Imported Inputs and Agricultural TFP Level
This section examines the role of imported inputs in determining agricultural TFP. By closely following prior studies investigating determinants of TFP, we estimate the following regression model: 13 14 ln , is a vector of control variables including the consumption of fertilizers and pesticides, the capital-to-labor ratio, the production taxes-to-value added ratio, the production subsidies-to-value added ratio, the political instability index, the expenditure share on research and development, and temperatures and rainfalls 15 ; , is an error term; 1 and 2 are a scalar parameter and a vector of parameters to be estimated, respectively.
OLS estimates would lead to a bias because there is reverse causality from the level of TFP to countries' decisions to import. For example, productive countries may be more likely to import inputs from abroad because they have a greater incentive to remain competitive and increase 13 Previous studies estimating the impact of imported inputs on firm productivity employs either natural log of TFP (Olper et al el., 2017; Amiti and Konings, 2007) or TFP index (Topalova and Khandelwal, 2011) or natural log of firm sales (Halpern et al., 2015) . All of these studies use firm-level data. Previous studies investigating determinants of TFP using country-level macro data include Craig et al. (1997) and Alene (2010) . Craig et al. (1997) employ natural log of labor productivity as the dependent variable. Alene (2010) uses natural log of TFP as the dependent variable. See Appendix E for more details regarding the empirical specification. 14 To address the potential existence of a trend in the growth rate of TFP, a Hariss-Tzavalis unit-root test for ln(TFP) was run for a strongly balanced panel dataset of 135 countries over 24 years (1991-2015) . The test statistic obtained is 0.8429 with p-value of 0.000. Therefore, the null hypothesis that the panel variable contain unit roots is rejected at the 1 percent level. Furthermore, since we include country fixed effects, all variables are transformed to demeaned variables. As a result, we estimate the effect of changes in the share of imported inputs on changes in ln(TFP), which are percentage deviations from their country means. 15 The unit of the variable for fertilizers and pesticides are tons per hectare. We normalize each of these variables, by calculating deviation from its mean and by divided by its standard deviation. Then the sum of these two variables are defined as the variable "Fertilizers and pesticides". The political instability index takes a discrete value between one and seven. A greater value implies that the observation is more politically unstable. It represents political factors relating with civil liberty. See Freedom House (2018) for more details. See Appendix B for summary statistics. their global market share. Alternatively, less productive countries may be less likely to import because they often have a set of stringent industrial policy design setups biased towards domestically produced inputs. If the former story were true, 1 would have an upward bias; on the other hand, 1 would have a downward bias if the latter story were true.
In order to overcome this potential endogeneity, we employ tariffs applied by importing countries and inward FDI (as a share of agricultural value-added) as instruments. These variables are valid instruments because they satisfy the relevancy condition and the exclusion restriction. First, a decline in tariffs increases imported inputs but it does not affect agricultural TFP other than through changes in the value of imported inputs. Second, an increase in inward FDI to the agricultural sector increases imported inputs because these foreign-owned agricultural entities are more likely to use imports from abroad. An increase in inward FDI may increase agricultural TFP directly if there are some spillovers from foreign-owned entities. However, econometric tests suggest that our instruments satisfy the exclusion restriction.
The data come from various sources. Section II laid out the underlying sources of data used to calculate TFP. The data on imported inputs come from the EORA Input-Output tables (Lenzen et al. 2012 ; Lenzen et al., 2013) . The share of imported intermediate goods to the total intermediate good used is computed for the agricultural sector for all EORA 189 countries and then the data on imported inputs are matched with our agricultural productivity dataset. The data on fertilizer consumption per area and R&D expenditures comes from the WDI. Pesticide consumptions per area are from FAO. We obtain the political instability index from the Freedon House. The data on the capital-to-labor ratio, production taxes, and production subsidies are from the EORA. Temperature and rainfall are taken from the World Bank Climate Change Knowledge Portal (World Bank, 2018b). See Appendix B for more details. Table 2 reports regression results. The first two columns employ OLS -column (1) regresses log of TFP on imported inputs only and column (2) introduces other control variables. The results show that the imported inputs-to-total inputs ratio does not have a significant effect on TFP levels. These insignificant coefficients are presumably because there are endogeneity issues, leading to bias in both ways -negative and positive. As a result, we obtain zero point estimates. 16 The last four columns in Table 2 show results from 2SLS. Column (3) employs the imported inputs-to-total inputs ratio as the only explanatory variables and shows that a one percentage point increase in the share of imported inputs raises TFP by 8.9 percent. Columns (4)- (6) introduce additional control variables. Column (4) includes the same set of regressors as for column (2) . All of the additionally introduced variables have expected signs. 17 After controlling for these, the point estimate for the effect of imported inputs becomes 4.4. Column (4) is our preferred specification because the first-stage F-statistic is great enough and the Sargan test suggests that the exclusion restriction is satisfied. Notes: The first two columns use the baseline specification presented in column (4) of Table 2 . The definition of high-income countries follows the World Bank. Oil producers are countries where their oil rents as a share of GDP is greater than the 90 th percentile of the sample in 1990 (16 percent). The period of commodity price hikes are defined as years when the food price index in December of that year is greater than 12 percent of the price index in December in the previous year. The excluded years as the period of commodity price hikes are 1991, 1994, 2002, 2005, 2006, 2009, and 2010 . Instruments include weighted average tariffs on all products and the share of inward FDI to the agricultural sector to the agricultural value-added. In addition to these instruments, the real effective exchange rate is added as an instrument in column (6) . All regressions include country fixed effects. Standard errors are in parentheses. ***, **, and * indicate the statistical significance at the 1%, 5%, and 10% level, respectively. See the main text for data sources.
Column (5) adds the expenditure on R&D. This is potentially an important variable in explaining agricultural TFP. However, this variable includes many missing observations, which reduces our sample size from 455 to 371. Moreover, the first-stage F-statistic becomes smaller. Column (6) introduces climate variables -the level of average temperature in degree Celsius and the level of average monthly rainfall -in order to control for climatic conditions. Temperature and rainfall 18 Overall, the results suggest that a one percentage point increase in the share of imported inputs raises agricultural TFP by about 4 percent. Table 3 conducts several robustness checks to show that our baseline results are robust. Columns (1) and (2) employ natural log of agricultural value-added and natural log of TFPb as the dependent variables, respectively, using our baseline specification, column (4) of Table 2 . 19 We use these dependent variables in order to show that our baseline results do not come from particular assumptions we make to estimate TFP. Indeed, results remain qualitatively the same. A one percentage point increase in the share of imported inputs raises value-added by 5.4 percent and TFPb by 3.9 percent.
Column (3) excludes observations from high-income countries because one may argue that these countries are different from other lower income countries in terms of the way they produce agricultural goods. However, excluding these countries does not change our results much. Column (4) drops oil producers. 20 However, again, the results are similar to those reported in Table 2 . We drop periods of commodity price increases in column (5) because an exceptional increase in commodity prices may increase the value of agricultural output and therefore valueadded and TFP. However, the result in column (5) is similar to those in other columns.
Lastly, one may claim that the real effective exchange rate can also be used as instruments because changes in real exchange rates alter the relative prices of imported inputs to domestic inputs, affecting countries' decitions to import intermediate inputs. Therefore, column (6) adds the real effective exchange rate as an additional instrument. However, results do not change qualitatively.
We compare our results with previous empirical findings. Halpern et al. (2015) , Topalova and Khaldelwal (2011) , and Amiti and Konings (2007) find that a 10 percent decrease in input tariffs raises TFP by 1.2-1.5 percent, 4.8 percent, and 12 percent, respectively. 21 In order to compare 18 One reason why we have insignificant climate effects is that we do not allow different responses to weather shocks across countries, which will be addressed in the next section. These weather variables are added in the regression just to control for climatic conditions. 19 As noted earlier, TFPb denotes another TFP estimates based on equal values of the labor share, the capital share, and the land share across countries. See Appendix D.2 for details. 20 Our measure of TFP is based on the data from the agricultural sector, which does not include mining and oils. Still, we concerned about the possibility that natural resource booms affect productivity of other industries, so-called a "Dutch disease" or a "Natural resource curse". 21 Topalova and Khaldelwal (2011) show, using data from Indian manufacturing firms, that a 10-percentage point decrease in input tariffs increases TFP by 4.8 percent. Amiti and Konings (2007) show, using the data from Indonesian manufacturing firms, that a 10-percentage point decrease in input tariffs increase productivity by 12 percent. Halpern et al. (2015) show that, using the data from Hungarian manufacturing firms, a tariff cut from 40 percent to 30 percent increases productivity by 1. , and . , , are interacted with income-level dummies in order to capture heterogeneous responses to weather shocks across the three groups of countries -lowincome countries, middle-income countries, and high-income countries. With these dummies and all observations from the world, coefficients 1 and 2 measure the impact of weather shocks on TFP in high-income countries. 1 and 1 capture the difference in the impact of changes in temperatures, comparing with high-income countries, on TFP in LICs and middle-income countries, respectively. The overall impact of changes in temperatures on LICs, for example, is a linear combination of two coefficients: 1 + 1 .
25 Table 4 summarizes results from estimating equation (2) . Column (1) regresses TFP growth rate on d.Temp only, assuming that all countries respond to weather shocks in the same way. The estimated coefficient is negative, -0.6, as expected, but it is not statistically significant. This is because the model does not allow different responses to weather shocks across countries. As a result, positive responses and negative responses worked in difference directions, resulting in an insignificant coefficient.
Column (2) introduces interaction terms with income-level dummies. Linear combinations of coefficients reported in the bottom of the table show that a 1°C rise in temperatures reduces the TFP growth rate by 2.7 percent in LICs. Middle-income countries also have a negative coefficient, but the magnitude is small and statistically insignificant. These negative temperature effects in LICs are consistent with previous empirical results. For example, Dell et al. (2012) show that rising temperatures had reduced the GDP growth rate of LICs. Cattaneo and Peri (2016) find that an increase in temperatures increased emigration from middle-income countries, possibly because agriculture productivity declined due to higher temperatures, which led to a greater incentive to emigrate from the countries. Notes: All regressions include income-level dummies interacted with year fixed effects. Robust standard errors, clustered in two ways, at the country-level and the region-level, are in parentheses. Country classifications are based on the World Bank's classification. Hot countries are defined as countries having above median average temperature in 1990. Agricultural countries are defined as those having a share of agricultural value-added to GDP above the 75th percentile in 1990. Temperatures are in degrees Celsius and rainfalls are in units of 100 mm per month. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% level, respectively. See the main text for data sources.
The significant weather effects are presumably because LICs employ agricultural technologies that are more sensitive to climatic conditions, in the sense that they use less machinery capital, ( (4) indicates that adding the interaction terms does not change our baseline result qualitatively.
The next concern comes from the level of importance of agriculture in each country. The significant climate effects in LICs may be just because those countries are more agriculturalbased than other countries. In order to examine if that is the case, we introduce interaction terms with a dummy variable taking unity if the share of value-added from the agricultural sector in GDP is greater than the 75th percentile of the sample in 1990. 26 The last column shows that adding the interaction terms does not change our baseline results much.
Next, we show that our results are robust to a wide range of different samples and specifications. Table 5 addresses various concerns that might affect our conclusion. The first two columns show results from estimating the baseline model by replacing the dependent variable with the agricultural value-added growth and the TFPb growth rate as in the previous section. Although the coefficients change slightly, we obtain essentially the same results.
Column (3) reports a result from estimating the baseline model with excluding countries with greater share of oil production. Column (4) excludes all samples from commodity price hikes. Column (5) employs different income-level classification -the baseline specification uses the income-level classification from the World Bank while column (3) uses our own definitions based on income-level percentiles from 1995.
27 Column (6) adds explanatory variables from 26 The reason for different cutoffs -the 50 th percentile for the hot country dummy and the 75 th percentile for the agriculture-based country -is that the distribution of the share of agricultural value-added is skewered and it takes small values for majority of countries. Therefore, we choose the 75 th percentile for the cutoff to be defined as an agriculture-based economy. 27 The reason for choosing 1995 as the base year is as follows. First, we define country groups based on one of the earliest years of the sample in order to avoid possible endogeneity issues arising from endogenous change in countries' income levels due to weather shocks. Second, however, choosing 1991 as the base year reduces our sample size because there are some missing observations on GDP per capita in 1991. Therefore, in order to cover as many observations as possible and to have a benchmark year from earliest years in the sample, we choose 1995 as our base year to define country groups. Table 2 to control for other possible determinants of TFP. 28 Overall, Table 5 shows that our results are robust. 28 Additional explanatory variables in column (6) include the capital-to-labor ratio, the taxes-to-value added ratio, and the subsidies-to-value added ratio. These variables are taken from the EORA and available for a large number of countries. We do not introduce fertilizers & pesticides and the political instability index because these variables are not available for many of LICs and adding these significantly limits the number of observations. 
C. Importing Inputs Mitigates the Negative Weather Effects: Theory
The previous sections consider the impact of imported inputs and weather shocks individually, by closely following regression models from the literature. We further investigate interactions between these two factors in explaining agricultural TFP. This section presents a simple theoretical model helps clarify how imported inputs and weather shocks interact to affect TFP.
We start from the agricultural production function in Section II: = ( ) ( ) ( ) , where agricultural TFP,
, is now described as a function of local temperatures , local rainfalls , and quality of intermediate inputs :
. The overall quality of intermediate inputs is a weighted average of quality of domestic inputs and that of imported inputs : = + , where the weights are the share of domestic inputs to the total value of inputs, = /( + ) and = /( + ) is the share of imported inputs.
We argue that a higher share of imported inputs reduces TFP's sensitivity to weather shocks. In other words, because higher temperatures reduce TFP, / < 0, and rainfalls increase TFP, / > 0, we have of the effects are opposite between the two weather shocks, the exact same discussions apply to these two. Therefore, this section focuses on the effect of temperature shocks only.
The effect of rising temperatures on agricultural TFP is obtained by differentiating TFP with respect to :
where we plugged = 1 − . The first term is the direct effect of rising temperatures on agricultural TFP; the second term indicates the indirect effect through the quality domestic inputs; and the third term is the indirect effect through the quality of imported inputs. Assuming that local temperature shocks do not affect quality of imported inputs, / = 0, the previous equation becomes:
By differentiating this equation with respect to
, we obtain 29 The previous section estimates the impact of weather shocks on the TFP growth rate and Appendix E provides a theoretical background for the regression equation. The theoretical setup in this section becomes consistent with the empirical model by specifying the TFP function as follows: = ( , , ) = −1 ( , , ), TFP from the previous year times a damage function from weather shocks. Many other potential factors may affect TFP. However, we focus on these three variables as determinants of TFP. where we assume 2 /( ) = 0. 30 Because higher temperatures reduce agricultural TFP, / < 0, and a greater share of imported inputs reduces the negative temperature effects, we argue 2 /( ) > 0.
This positive cross derivative comes from three effects. First, a greater share of imported inputs directly reduces the negative temperature effects, 2 /( ) > 0. Better production technologies embedded in imported inputs increase productivity, making agricultural production technology less sensitive to weather shocks. As shown in Section IV, a greater share of imported inputs increases agricultural TFP. Although we do not examine the direct effect on the climate sensitivity, we suppose a greater TFP makes agricultural production less sensitive to weather shocks. We refer to this effect as the direct productivity effect.
Second, a greater share of imported inputs increases the share of inputs that are not affected by local temperature shocks. As a result, this de-localization of inputs reduces the sensitivity of agricultural TFP to weather shocks, reflected in the second term: − , which is positive because / < 0. This is the same mechanism as Caselli et al. (2015), showing that a country can reduce exposure to domestic shocks therefore income volatility by diversifying source countries of imports. Their analyses include all macroeconomic shocks but there must be similar mechanisms in the context of weather shocks. We call this second channel the diversification effect. Therefore, increased productivity of domestic intermediate good producers raises productivity of domestic final good producers, making them less sensitive to weather shocks. 31 We refer to this as synergies between imported inputs and domestic inputs. 30 This means that a change in the share of imported inputs does not affect the elasticity of agricultural TFP, , with respect to the overall quality of intermediate inputs . 31 
This effect is present in a model where all final good varieties are used as intermediate inputs as in Eaton and Kortum (2003). Goldberg et al. (2010) find that new imported inputs facilitate domestic product creation. A greater number of domestically produced varieties due to new imported inputs would increase productivity of domestic firms if its production function is a CES form as in Kasahara and Rodrigue (2008).
D. Importing Inputs Mitigates the Negative Weather Effects: Evidence
We have clarified the channels a higher share of imported inputs makes countries less sensitive to weather shocks. This section investigates if imported inputs have such effects by only using observations from LICs where we find significant effects of weather shocks.
In order to test the theoretical possibilities, we estimate the following equation: 
where , , .
, , and . , follow the same definitions as for equation (3). , denotes an error term.
is a dummy variable taking unity if country i's imported inputs-tototal inputs share is less than the 50 th percentile of LICs in the start year of the sample (1991). We use the data from 1991 to construct in order to deal with possible endogenous changes in the share of imported inputs due to weather shocks. Interaction terms between and year dummies are also introduced. 0 , 1 , 2 , and 2 are coefficients to be estimated. Because we use a sample from LICs only and introduce the interaction term, .
, , the coefficient 1 measures the temperature effect in LICs with higher share of imported inputs. captures "the temperature effect for countries with lower shares of imported inputs" minus "that for those with higher share of imported inputs". As a result, a linear combination of coefficients, 1 + 1 , is the temperature effect for LICs with lower shares of imported inputs. A similar interpretation applies to the rainfall variables. Table 6 presents estimation results. Column (1) shows that a 1℃ increase in average temperatures reduces the TFP growth rate by 4.3 percent in countries with lower shares of imported inputs (see the linear combination of coefficients in the bottom of the table). Moreover, a 100 mm increase in monthly rainfalls increases the TFP growth rate by 13.6 percent. The results also suggest that weather shocks have no significant effects on countries with higher share of imported inputs even though all countries in the sample are from LICs.
Columns (2) and (3) use the same sample and the same explanatory variables as for column (1) but they use the value-added growth rate and the TFPb growth rate. respectively. Results are essentially the same as for column (1) . Columns (4)- (6) use the same dependent variable as for column (1) but they employ different samples of observations or controlling for additional explanatory variables as we have done in the previous section. 32 Again, results are robust.
One may claim that imported inputs actually do not mitigate weather shocks and the variable is just working as a proxy of something else. We consider three possibilities that our baseline results are spurious. First, it is possible that (Imported inputs)/(Total inputs) merely captures the countries' openness to import. Because imports in general have pro-competitive effects and increase productivity, the results may just be capturing countries' propensity to import from abroad, not the impact of imported inputs.
Second, possibly relatively richer countries within the LICs tend to use more imported inputs and these countries are less sensitive to weather shocks for some other reason. If that is the case, our baseline results could be coming from countries' initial income levels, not the share of imported inputs. Third, a higher share of imported inputs may be related with countries' initial technology levels and countries with better production technologies are possibly less vulnerable to weather shocks. If so, the results may just be showing different temperature effects stemming from countries' differences in initial technology levels.
In order to examine if these concerns are valid, we estimate the following equation: , and 2 are parameters to be estimated; ̃, indicates an error term. 32 The same set of additional explanatory variables as for column (6) in Table 5 is introduced. Estimating equation (4) answers if the first story is the main cause of the baseline results. In order to examine if the second and third stories are true, we make a dummy variable taking unity if the country's initial GDP per capita is less than the 50 th percentile among LICs, , and a dummy variable taking unity if the country's initial TFP level is less than the 50 th percentile among the group of countries, . Estimating equation (4) by replacing with (or ) answers if the second (or the third) concern is valid or not. 33 These dummy variables are constructed based on the data from the WDI and our TFP estimates. 34 Regression results are shown in Table 7 . Columns (1) and (2) display results from estimating regressions controlling for the aggregate imports-to-GDP ratio. Column (1) introduces interaction terms with the aggregate imports-to-GDP ratio only and shows temperature effects are not statistically different across the two groups of countries -countries with higher aggregate imports-to-GDP ratio and those with lower ones. It also shows that the rainfall effects are greater for countries with lower aggregate imports-to-GDP ratio. Column (2) controls for both the imported inputs-to-total inputs ratio and the aggregate imports-to-GDP ratio. However, the effect of imported inputs remain significant. These results imply that our results are not coming from cross-country differences in propensity to import from abroad in general.
Finally, columns (5) and (6) consider the initial agricultural TFP levels. Results in column (5) imply that there is no systematic difference in weather shocks across low TFP countries and high TFP countries within the LICs. Furthermore, column (6) shows that, even after controlling for the initial TFP levels, the effects of imported inputs are similar to the baseline result. These considerations support the idea that our baseline results are caused by cross-country differences in the share of imported inputs. Appendix G conducts more robustness checks using different samples and concerning the way we construct the dummy variables. We acknowledge that our results come from reduced-form regression analyses, exploiting historical variations in weather and agricultural TFPs. Therefore, the analysis focuses on the impact of weather shocks on a particular aspect of the economies -agricultural TFP -and the 33 One may concern about multicollinearities between the dummy variable on the share of imported inputs, , and the dummies , , and , leading to an unreliable regression result. However, correlation between these dummies is low. Based on the sample of 30 LICs, ( , ) = −0.0455, ( , ) = 0.3030, and , ( , ) = −0.0318. Therefore, there is no issue arising from multicollinearities between these dummies. 34 The dummy variable capturing countries' propensity to import in general is based on the share of total imports in goods and services to GDP obtained from the WDI. The dummy variable on the initial income levels is based on GDP per capita (constant US dollars) retrieved from the WDI. The dummy variable on the initial agricultural TFP is constructed using our TFP estimates. estimated impacts are considered as the short-run effects because we estimate countries' contemporaneous responses to short-run fluctuations in weather. In this sense, our analysis differs from ones in natural science fields employing estimates of future climate change and a General Circulation Model (GCM). These studies tend to find more pessimistic projections regarding the impact of climate change in the future. See Dell et al. (2014) and Auffhammer (2018) for more details.
V. COUNTERFACTUALS
The last set of analyses examines the magnitude of estimated impacts of imported inputs and weather shocks. Our analysis is simple. First, we estimate the regression ln( , ) = 0 + 1 , + , 2 + , with our baseline model using IV. Second, we find counterfactual TFP levels, keeping , at their 1991 level, ̂, 1991 =̂0 +̂1 ,1991 + ,̂2 +̂, . 35 Third, the gap between the counterfactual TFP and the actual TFP is computed
, which is a percentage deviation from the actual TFP level. If the gap is positive, then it means that actual changes in the share of imported inputs worked to reduce agricultural TFP and vice versa. We use the regression coefficients from column (4) of Table 2 to find counterfactual TFPs. Table 2 and actual TFP levels, for the four groups of countries. Counterfactual TFP levels are estimated by assuming that the share of imported inputs did not change since 1991. Figure 7 shows the estimated gap between counterfactual TFPs and actual TFPs for the four groups of countries. It shows that changes in the share of imported inputs in the 1990s worked to reduce agricultural TFP in lower income countries. In 2002, for example, if the share of imported inputs stayed at the 1991 level, upper-middle income countries would have had 20 percent higher agricultural TFP and low-income and lower-middle income countries would have had 10 percent greater TFP than the actual TFP. The gap between the counterfactual and actual TFPs turned to be negative around 2004 for lower-middle income countries, and around 2010 for LICs and upper-middle-income countries. In 2014, LICs and middle-income countries would have about 20 percent lower TFP if the share of imported inputs stayed at the 1991 level. These results come from the fact that the share of imported inputs was declining in 1990s and it started to increase in early 2000s as shown in Figure 3 . For high-income countries, the share of imported inputs continuously increased throughout the period, which contributed to the increase in TFP by about 60 percent in 2014.
We conduct a similar counterfactual analysis for weather shocks. First, we estimate equation (2) and find parameter estimates. Second, find counterfactual TFP growth rate when climatic conditions stayed at the 1991 level by assuming . , = 0 and . , = 0. Third, we find counterfactual TFP level in 1992, ̂, 1992 1991 , by using the counterfactual TFP growth rate in Counterfactuals are found only for LICs where we find significant effects of weather shocks. We consider three scenarios. Scenarios 1 and 2 are the cases where temperatures and rainfalls did not change since 1991, respectively. Scenario 3 is when both temperatures and rainfalls did not change since 1991. Figure 8 shows results and suggests that weather shocks worked to reduce agricultural TFP in LICs. About 2 percent agricultural TFP were lost in 2005 and 2010 because these two years had the warmest average temperatures (NOAA National Centers for Environmental Information, 2011). The figure shows that the temperature effect is much more sizable than the rainfall effect. Scenario 1 (no change in temperatures) and Scenario 3 (no change in temperatures and rainfalls) imply similar results while Scenario 2 (no change in rainfalls) leads to a relatively smaller difference in actual TFP and hypothetical TFP.
In order to quantify its effects on agricultural value-added, we estimate hypothetical agricultural value-added based on counterfactuals under Scenario 1 (no change in temperatures). The hypothetical agricultural value-added is estimated by plugging the counterfactual TFP to the Cobb-Douglas production function: , = , ( ) ( ) ( ) . Table 8 presents results for each of LICs from the year where the difference between the actual value-added , and the hypothetical value-added , is the largest. In many LICs, damages from higher temperatures are the greatest mostly in the year 2010 because the global average temperature was the record high in the year.
In terms of absolute value, the largest losses in agricultural value-added come from Syria, Tanzania, and Mali -260 million USD, 148 million USD, and 136 million USD agricultural value-added were lost, respectively. In terms of percentage, the largest losses are from Madagascar (6.6%), Afghanistan (5.0%), Syria (5.0%), and Nepal (3.9%). In LICs as a whole, 3.2 percent of total agricultural value-added, which is equivalent to 1.4 billion USD, were lost if we collect the largest damages throughout the sample period 1991-2015. These results suggest that rising temperatures have economically sizable effects on agricultural value-added.
VI. CONCLUSIONS
This paper has estimated agricultural TFP for 162 countries from 1990 to 2015 and examined the determinants of TFP by focusing on the role of imported inputs and weather shocks. We have three major findings -(1) An increase in usage of imported inputs has a significant impact on the level of TFP; (2) rising temperatures and rainfall shortages negatively influenced the agricultural TFP growth rate; (3) within LICs, a greater share of imported inputs works to reduce the negative effects of weather shocks.
While these results may imply that an optimistic view on the impact of future climate change because importing inputs would help LICs to deal with negative effects of weather shocks. However, we once again acknowledge that our results come from reduced-form regressions relating annual TFP growth rates with short-run fluctuations in weather. Therefore, this paper is silent about the impact of future climate change, which is projected to lead to more severe rises in temperatures and more radical changes in precipitation patterns compared with historical variations in the last two decades.
We have also conducted counterfactual analyses to understand the economic magnitudes of these impacts. The results suggest that an increase in the share of imported inputs explain at most 60 percent of agricultural TFP in high-income countries and 20 percent of that in low-income and middle-income countries. The economic magnitude of the impact of weather shocks is also sizable. Our results suggest that, colleting the cumulative losses in the warmest years during the sample period, in total 3.2 percent of agricultural value-added, which is equivalent to 1.4 billion USD, were lost due to a rise in temperatures in LICs as a whole. 
C. Growth Accounting Results
This section provides tables showing growth accounting results presented in the main text. . By assuming a CRS production technology, land shares are found as , = 1 − , − , . Table A6 summarizes average values of factor shares for four groups of countries in 1990 and 2015. These computations lead to reasonable numbers. 
D.2 Estimating Cobb-Douglas Production Function
Our baseline TFP estimates use factor share parameters calculated using the data from the EORA. We also provide alternative measure of TFP using factor share parameters obtained by estimating a Cobb-Douglas production, which we call TFPb. This section discusses how the parameters are estimated and presents estimation results.
We assume a Cobb-Douglas agricultural production function:
, where , denotes agricultural value-added of country i in year t; , , , , , , , are agricultural TFP, capital stock, labor employment, and land area, respectively. , and are the shares of capital, labor, and land, respectively. The production function exhibits constant returns to scale (CRS), therefore + + = 1.
By dividing the both sides by , , we can express the production function in intensive form as:
where tilde indicate "per worker" -̃, = , / , , ̃, = , / , , and ̃, = , / , . This production function is transformed to a linear form by taking natural logs: ln (̃, ) = ln( , ) + ln(̃, ) + ln (̃, ). The labor share is obtained by exploiting the CRS assumption: = 1 − − . This structural equation could in principle be estimated using the panel data from all 170 countries available in the sample. Nevertheless, the matched data with other variables in the regression leads to a sample of 162 countries only, and the balanced panel dataset between 1991 and 2015 is only available for 144 countries. Table A7 presents estimated input shares with the Cobb-Douglas assumption. It shows that the capital share is 0.378 and the land share is 0.521. The CRS assumption implies that the labor share is 1 − − = 0.100. Moore and Diaz (2015) , and IMF (2017) estiamte the effect of climate on GDP growth rates by implicitely building upon this theoretical background. We assume that a similar argument applies in the context of agricultural production and estimate the impact on agricultural TFP.
E. Level Effects and Growth
F. Correlation between Temperatures and Rainfalls
One may concern about a multicollinearity between temperatures and rainfalls. However, there is no strong correlation between these two variables. Table A8 shows correlations between the regressors used in the regression analysis: changes in temperatures and changes in rainfalls. It shows that there is virtually no correlation between the two variables. Using a sample of all countries, the correlation coefficient is -0.0860 and -0.0885 for the period 1970-2015 and 1990-2015, respectively. Restricting the sample to LICs only leads to correlation coefficients of -0.1512 and -0.0959, for 1970-2015 and 1990-2015, respectively, which are quite low. Therefore, there is no multicollinearity.
G. Robustness Checks on the Interactive Effects
This section presents robustness checks on the climate change mitigation effect of imported inputs. Table A9 summarizes results from six additional regressions concerning various possible critiques. All of these regressions use equation (3) Column (4)-(6) now use the baseline sample but we change the way we construct the imported input dummy. In the regressions in the main text we use the data from 1991 to make the imported inputs dummy. However, in column (4), it is constructed based on the data on in 1995 using the same threshold as for the baseline, the 50 th percentile. In column (5), the dummy variable is constructed based on the country mean of during 1991-1995. Again, results are similar to our baseline results.
Column (6) introduces a continuous variable of and its interaction term. Because countries with higher share of imported inputs are less sensitive to weather shocks, the coefficient of the interaction term . × is expected to have a positive sign and the one for changes in temperature, . , should be negative. We expect opposite signs for rainfall variables -the coefficient of the interaction term . × is expected to have a negative sign and the one for changes in temperature, . , should be positive. Results are as expected. The results show that our baseline results are robust. 
